In the monitoring process of petrochemical equipment rotating machinery, the collected large data easily lead to valuable data loss in the pre-processing process and affecting the accuracy of the fault diagnosis. This paper proposes a method for the fault diagnosis of the rotating machinery based on the wavelet-domain denoising and metric distance. The wavelet-domain denoising uses wavelet coefficients of signal and noise that have different properties on different scales and process noisy signal wavelet coefficients. Metric distance is to compare two independent statistical samples with each other after denoising to determine whether they belong to the same sample. First, the denoising of the vibration timedomain signal is based on the wavelet-domain denoising method. Then, the tested fault samples are compared with the known fault samples by metric distance. Finally, the fault types are identified according to the metric distance. Verification of the algorithm performance and the simulation experiment of petrochemical large units show that the method is not only simple and effective but also has better faults recognition. It can guide the faults diagnosis of large petrochemical units and other large units rotating machinery.
I. INTRODUCTION
Large unit and rotating machines usually work in complex environments. Data collection of monitoring systems polluted by noise from a large amount of invalid data and non-effective data, which leads to great difficulties in data-driven diagnostic methods [1] - [3] . With the increasing size, automation, and intelligence of modern equipment, once faults occur in the large units, it needs comprehensive stop and repair inspection, which will result in huge economic losses [4] , [5] . Therefore, accurately identifying the fault signal, and predicting possible faults are of great economic and technical significance in ensuring the normal operation of large units.
With the increase in process parameters, fault diagnosis based on data-driven is becoming increasingly popular, researchers have proposed different methods [6] - [10] . Literature [11] proposed a diagnosis method to solve the The associate editor coordinating the review of this manuscript and approving it for publication was Chuan Li.
problem of being prone to serious faults by measuring the motor current phase and its corresponding reference signal. To improve the reliability of the sensor and the safety of the whole system in the aircraft control system, literature [12] proposed a method that the covariance of the induced signal is applied for feature extraction. Literature [13] proposed a fault-tolerant control schemes method which was used in the simulation and experimental motor drive system. Literature [14] proposed a fault diagnosis method based on dissipativity property and process input/output dynamic relationships. Literature [15] aimed at vibration time-domain signal of variable speed gearbox collected problem, putting forward stepwise cyclic stationary demodulation method based on chirp let path pursuit. However, the process of demodulation fault information and some fault information will be lost. For this reason, literature [16] proposed a method for signal resonance sparse decomposition and energy operator demodulation, which effectively separated harmonic signal and transient impact signal. This method only considers the vibration time-domain signal of faults, which is often accompanied by harmonic signal and noises such as axial rotation frequency. Therefore, the fault characteristics of mechanical equipment are easy to be drowned by strong background noise. Literature [17] proposed a method for subspace noise reduction algorithm based on singular value decomposition. Literature [18] proposed a fault diagnosis system based on discrete wavelet transform and artificial neural network. Although the data acquisition about the datadriven fault diagnosis method is relatively easy. However, the monitored signal often has a large number of non-linear, random, non-traversable information, which affected the efficiency of fault diagnosis based on the data-driven. Therefore, it is necessary to deal with its vibration noisy signal. The following is the processing methods for noisy signal [19] - [22] . Literature [23] proposed a continuous wavelet transform method for ferroresonance detection in power systems. Literature [24] proposed a dyadic wavelet transform-based acoustic signal analysis method, and to monitor the condition of the induction machine, torque is predicted from the acquired acoustic signal. Wavelet transform suffers from the peak-to-average power ratio problem which occurs due to a random constructive addition of subcarriers. Literature [25] proposed an adaptive wavelet packet modulation method to avoiding a large PAPR. Literature [26] proposed an on-line fault detection algorithm of a photo voltaic system, improving the time of fault diagnosis.
Although these fault diagnosis methods have improved the accuracy of fault diagnosis. However, the analysis of the original signal with noise in the fault diagnosis leads to poor fault diagnosis. Therefore, this paper proposed wavelet denoising and metric distance according to algorithm characteristics.
The main contributions in this paper are concluded as follows:
• The wavelet domain denoising eliminates the influence of vibration noise in the original vibration time-domain signal.
• The algorithm performance is verified by a large amount of experimental data.
• The Metric distance of the known and the tested fault samples obtained the maximum statistical distance, to achieve identifying the fault types.
The rest of this paper is organized as follows: Section I research background. Section II proposed theoretical basis: wavelet domain denoising and metric distance. Section III describes the process of fault diagnosis. Section IV the algorithm performance analysis. Section V the application of the algorithm in petrochemical large units. Section VI the conclusion of this paper is presented.
II. THEORIES A. THE PRINCIPLE OF WAVELET DOMAIN DENOISING 1) WAVELET DOMAIN DENOISING
The wavelet domain denoising method effectively separates the signal from the noise because the energy of the signal is concentrated in a small number of coefficients in the wavelet transform domain.
Wavelet domain denoising is based on the principle of the wavelet coefficient and noise in different scales. According to wavelet tools to construct wavelet coefficients and deal with the wavelet coefficients of the noisy signal [27] , [28] .
Assumption1:
In the formula, ψ * (t) is the conjugate function of the wavelet function ψ(t). ψ(t) is a square integral function,
, if the condition is content as follows:
In the formula, ψ(ω) is called a basic wavelet, ω is the continuous frequency. After scaling and shifting, the function ψ(t) is defined as follows:
In the formula, ψ a,b (t) is the wavelet basis function, a is a scaling factor and b is a shift factor.
Assumption 2: The continuous function f (t) and its length is n, the signal S(t) added with noise e(t), the noise intensity ε, and the variance of noise σ 2 , the signal is defined as follows:
According to wavelet transform of formula (4), and obtained, X = W · x. X is N point discrete wavelet transform sequence vector, x is time-domain sequence vector, and W is N point wavelet transform matrix.
The noisy signal is decomposed by algorithm. The average power of the noise wavelet coefficient is inversely proportional to scale. The vibration amplitude decreases as wavelet decomposition layers increases.
The mallet algorithm is defined as follows:
In the formula, C j,k , D j,k are the scale coefficient and wavelet coefficient of the j layer.
The noisy signal is transformed and decomposed by wavelet algorithm. Energy is compressed to relatively small and large value wavelet coefficient. Selecting a suitable threshold, the wavelet coefficients smaller than the threshold, it is considered the low-frequency signal and useful signal retain. If the wavelet coefficients larger than the threshold, it is considered the noisy signal and should be set to zero. Estimated value is obtained as follows:
The definition of this paper's threshold value is based on adaptive threshold. VOLUME 7, 2019 Take the absolute value of each element in signal, sort them from small to large, and then square each element to get a new signal sequence:
If the threshold is f (k), and λ k element squared:
The rish generated by this threshold:
In the formula, THR express threshold function, λ is the threshold, and f (t) is the vibration time-domain signal before denoising. After the wavelet coefficients are reconstructed and obtain the reconstructed signal S.
Mallet algorithm is used for reconstruction. The reconstruction algorithm is defined as follows:
In the formula, h * (n), g * (n) are the reconstruction sequence filter coefficient, and h(n), g(n) are the dual function of decomposing filter.
B. METRIC DISTANCE TWO-SAMPLE STATISTICAL DISTANCE
The two-sample statistical distance compares two independent samples after denoising [29] , [30] .
According to formula (9), the known fault samples A = (a 1 , a 2 , . . . , a n ) ∈ [c, d] and the tested fault samples
. c and d are the minimum and maximum amplitude of the known fault samples, e and f are the minimum and maximum amplitude of the tested fault samples.
The probability density of the non-stationary random signal is x(t). The probability density function at time t is defined as:
In the formula, P r is the probability, which reflects the probability that the signal falls within different amplitude intensity regions. For each state of the process, there are:
T represents the length of the sample and T x represents (x + x) of the signal. The probability that the value of x(t) is less than or equal to the probability distribution density function of the signal and is represented by f X (x):
The random variable is x, cumulative probability distribution function can be represented by F X (x):
F X (x) represents the cumulative probability distribution function of random sample.
Assumption 1: The cumulative frequency of the known fault samples M = (F a1 (x), F a2 (x),. . . , F an (x) ), the cumulative frequency of the tested fault samples N = (R b1 (x), R b2 (x), . . . , R bn (x)). The cumulative frequency of the known fault samples and the tested fault samples were compared, and the statistical distance of accumulated frequency is obtained as follows:
After the comparison between M and N , the statistical distance is W n ,
1, if F a n = 1and R b n = 0 or F a n = 0 and R b n = 1 0, if F a n and R b n same (18) Assumption 2: The cumulative probability distribution function of the known fault samples is H n (x), the cumulative probability distribution function of the tested fault samples is G n (x). Comparing the known fault samples with the tested fault samples, the maximum statistical distance k value is obtained.
After comparing H n (x) with Gn(x), ranges of k value:
The k value represents the maximum statistical distance between the known fault samples and the tested fault samples. According to the minimum k value, the fault types of rotating machinery can be determined.
III. PROPOSED METHOD
The process of wavelet denoising and metric distance, which is described below:
Step 1: Collect the vibration time-domain signal of the rotating machinery. The amplitude of the known fault samples is X = (x 1 , x 2 , . . . , x n ), and the amplitude of the tested fault samples is Y = (y 1 , y 2 ,. . . , y n ).
Step 2: Select basic wavelet functions ψ(t) according to Eqs (2) -(3). Construct threshold function S(t) according to original signal of length, the noise intensity, and the variance of the noise.
Step 3: Selecting a suitable threshold for signal denoising according to the relationship between the wavelet coefficient and the threshold.
Step 4: Wavelet coefficients are reconstructed, and obtain the reconstructed signal according to Eq (12) .
Step5: After the vibration time domain signal is preprocessed, the denoised vibration signals A = (a 1 , a 2 , . . . , a n ) and B = (b 1 , b 2 ,. . . , b n ) are obtained.
Step 6: According to A and B in step 5, the cumulative frequency of the known fault samples M = (F a1 (x), F a2 (x), . . . , F an (x)), the cumulative frequency of the tested fault samples N = (R b1 (x), R b2 (x) , . . . , R bn (x)).
Step7: Calculate the maximum statistical distance between the cumulative probability distribution of the known fault samples and the tested fault samples, and obtain k value according to Eq (20) . Step8: Fault diagnosis of rotating machinery based on wavelet domain denoising and metric distance as shown figure 1.
IV. ALGORITHM PERFORMANCE VERIFICATION
To verify the effectiveness of wavelet domain denoising and metric distance in bearing fault diagnosis, we adopt the data from the bearing data center of case western reserve university in the united states [31] . The center has collected a lot of reliable original data for bearing inner ring, outer ring, and the ball bearing at the different damage. The analysis of the faults data is helpful to verify the validity of the proposed method. In the experiment, the 6205-2RS deep groove ball bearing of JEM SKF company was used as the test fault parts, the motor was unloaded and the speed: 1797 r/min, 1772 r/min, 1750 r/min and 1730 r/min. The frequency of the accelerometer is 12 kHz; the vibration time-domain signal at the drive end is required, including the fault defects of 0.1778 mm, 0.3556 mm and 0.5334 mm for the inner ring, the outer ring and the ball. The test bench consists of a motor, a torque/encoder, a dynamometer, and a controller. Figure 2 shown line chart of maximum statistical distance different faults bearings at different speeds. The two fault types include bearing with outer race defect and outer race defect at different speeds and different damage. Different colors represent the results of different fault comparisons.
The k value represents the metric distance between the known fault types and the tested fault type. Under the same condition, if the known fault type and the tested fault type are the same, the metric distance between them will be the smallest. Hence, as shown in figure 2 , at the same rotating speeds, the fault type represented by the bottom broken line of each broken line diagram is the detection fault type.
The fault types of bearing are able to be determined according to the minimum k value. In the 27 groups of experimental data, the accuracy of fault diagnosis is 96.29 %. The speed is 1750 r/min, the ball defect diameter is 0.1778 mm, and the k value is larger than the wear value of the outer ring of the bearing, as error recognized.
Therefore, wavelet domain denoising and metric distance can accurately identify the fault types. Its hows that the proposed method can accurately and effectively identify the fault types of bearing.
V. APPLICATION OF ALGORITHM IN PETROCHEMICAL UNIT
In this section, the effectiveness of the proposed method is illustrated. Firstly, part A is the acquisition of experimental data. Then, part B describes the process of denoising of the vibration time-domain signal with noise. Finally, part C discusses the experimental results before denoising and after denoising, and then analyze the fault types recognized.
A. EXPERIMENTAL DATA ACQUISITION
In order to verify the application performance of the algorithm in the large units rotating machinery, it is applied to the petrochemical large unit simulation experiment system.
The simulation experiment system consists of a multistage centrifugal air compressor unit, test bench, and test software. The test software can display the vibration time-domain signal of the units in real time. It can also store historical data and monitor the operation of the unit while extracting the signal characteristics. Figure 3 is the fault diagnosis test Table 1 .
In the experiments, EMT390 data collector is used to collect the vibration time-domain signal of faults, and a discrete 1024-point set of data. First, the vibration time-domain signal is collected in the normal state. Then, the fault parts are replaced. Finally, each faults conditions are collected. The first 50 groups are known fault samples, and the latter 50 groups are the tested fault samples. The test conditions are as follows: motor speed is 1000 r/min, motor rated power is 11 kw.
According to the existing laboratory conditions, four single faults and four composite faults were collected. Vibration time domain signal is acquired and processed:
(1) Real-time acquisition of different faults vibration time-domain signal.
(2) The collected vibration time-domain signals are classified, and the fault types are marked.
(3) For rotating machinery, the noise mainly exists in the gearbox during the process of collecting signal. The gearbox is mainly composed of transmission parts, bearings and shafts.
B. EXPERIMENTAL DATA PROCESSING
In petrochemical large units, select eight fault types. Single faults: gear missing, bearing with inner race defect, bearing missing ball, bearing with outer race defect. Composite faults: large and small gear missing, gear missing and bearing with inner race defect, gear missing and bearing missing ball, gear missing and bearing with outer race defect. Figure 4 shows the vibration time-domain signal before and after denoising. Table 2 shows the data processing results before denoising of vibration time domain signal. We use the metric distance to compare different faults and obtain the k value. The fault types are determined according to the minimum k value. However, bearing outer race defect, bearing inner race defect, gear missing teeth and bearing inner race defect, gear missing teeth and bearing lack of balls, four fault types cannot be correctly identified as show yellow background. The accuracy of the eight groups of test samples is 50%. This is mainly because the original signal contains noise. The original signal is directly used for analysis, affects recognition of the fault types. Table 2 shows the data processing results after denoising of vibration time domain signal. According to formula (9), the noise of vibration time domain signal for single and composite faults are denoised. Then, the formula (22) tested the known fault samples and the tested fault samples after denoising, and after that, we obtain the maximum statistical distance k value. To further verify the ability of the algorithm to identify the faulty types, the second experiment was carried out and the maximum statistical distance is shown in Table 2 .
C. DISCUSSION OF EXPERIMENTAL RESULTS

1) ANALYSIS OF EXPERIMENTAL RESULTS BEFORE DENOISING
2) ANALYSIS OF EXPERIMENTAL RESULTS AFTER DENOISING
3) ANALYSIS OF FAULT TYPES RECOGNITION RESULTS BEFORE DENOISING AND AFTER DENOISING
The metric distance tested the signal before and after denoising, and the maximum statistical distance k value is obtained. The analysis and comparison are as follow:
• before denoising, it can be seen from the analysis of the minimum k value that the original signal contains noise, and it is difficult to identify the fault types. The eight groups of experimental fault types, there are 4 groups of error recognition.
• after denoising, the signal is decomposed to remove noise and obtain the original signal of the faults. The accuracy rate is improved by 50% compared with before denoising.
VI. CONCLUSION
Wavelet domain denoising can denoise the vibration timedomain signal with the noise of rotating machinery, and then the known fault samples and the tested fault samples after denoising are compared by metric distance, to obtain the maximum statistical distance. According to the minimum kvalue, the fault types are identified. The algorithm performance verification shows that the method has good recognition ability for bearing faults with slight, mild and severe wear at different speeds, and the accuracy rate reaches 96.29%.
The result of simulation experiment application in large petrochemical units shows that the method is not only can accurately identify the fault types but also can provide guidance for faults diagnosis of large petrochemical units and other large units rotating machinery. Also, the applicability of the proposed method for complex conditions requires further research.
